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This study explores nighttime heat stress in two Midwestern regions in the United States, encompassing 
the cities of Minneapolis and Milwaukee. Daily minimum temperature data were obtained from the 
MACAv2-METDATA dataset at a 4-km resolution. Data were downloaded both for the historical (1950-
2005) and RCP (Representative Concentration Pathways) 4.5 (2006-2099) simulations from 11 global 
climate models. MODIS land cover data at a 5'x5' resolution were used to delineate urban and non-urban 
areas. Heat stress was indicated by the occurrence of hot nights in two ways. First, the number of days with 
daily minimum temperatures above 300 K (27°C) was counted to calculate decadal frequency. Second, the 
95th percentile of daily minimum temperatures in the historical period was used as a threshold to calculate 
the duration of hot nights. The study finds that (1) hot nights (> 300 K) are practically non-existent in the 
historical simulation but are likely to occur typically 2-3 times per decade with the RCP4.5 simulations; (2) 
the frequency of such events in the future can exceed 25 per decade in urban areas whereas it can be just 
about 1 per decade in non-urban areas depending on models; and (3) hot nights (> 95th percentile threshold) 
are likely to last longer in the future simulations. Overall, heat stress is projected to increase both in 
frequency and duration, and the urban heat island effect in terms of heat stress is projected to intensify in 








1. Introduction  
 
High temperatures in nighttime can cause sleep disturbance to human beings, which can affect their 
daytime activities (Okamoto-Mizuno and Mizuno 2012). The impact is particularly acute to those who do 
not have air-conditioners or cannot afford to use them, and urban residents are likely to be affected more 
than rural residents because of the urban heat island effects (Oleson et al. 2015, Ma et al. 2018). In 
particular, nighttime extreme high temperatures may pose a higher risk of mortality than daytime and 
leave urban residents subject to indoor heat and humidity without air conditioning (Zhao et al. 2018). As 
the worldwide heat wave in the summer of 2018 exposed, heat is the “next big inequality issue” (Fleming 
et al. 2018). Because of the projected demographic and climatic trends, heat stress is likely to continue to 
be an important health concern in the United States (Uejio et al. 2011). Therefore, it is of great necessity 
to assess nighttime heat stress in the context of urban heat island at diverse spatial scales and locations.  
   
It is well known that the temperature regime will become more extreme in the middle and late 21st 
century (Meehl and Tebaldi 2004, Meehl et al. 2007, Kirtman et al. 2013). Therefore, the characteristics 
of heat stress or heat waves will certainly change with the changing climate, as demonstrated by recent 
studies (Oleson et al. 2015, Kim et al. 2016, Mora et al. 2017, Wouters et al. 2017, Guerreiro et al. 2018, 
Li et al. 2018, Lopez et al. 2018). A heat wave generally refers to a period of extreme and unusual 
warmth but has various quantitative definitions (Smith, Zaitchik, and Gohlke 2013). Heat stress appears 
to have connotations of human health, and like heat waves, is quantitatively differently defined in 
different studies (e.g. Argueeso et al. 2015, Oleson et al. 2015, Wouters et al. 2017). This study is more 
oriented to heat stress rather than heat wave, in a sense that it focuses on the statistical characteristics of 
high temperatures but not individual heat wave events. In the United States, urban heat waves are 
projected to become more intense, longer, and frequent in the late 21st century (Oleson et al. 2018). 
Nighttime heat stress is also projected to intensify under climate change conditions, more in urban areas 
than in rural areas around the world (Fischer, Oleson, and Lawrence 2012). However, in-depth studies at 
regional or local scales (e.g. Argueeso et al. 2015) are needed for appropriate adaptation measures.  
 
Regional- or local-scale studies for climate change impacts on heat stress generally require historical and 
future climate data of sufficiently high spatial resolutions, but their availability varies by location. Even 
regional climate modeling or reanalysis data (Choi 2008) are still too coarse for examining heat stress in 
urban areas (Argueeso et al. 2015). Some previous studies on climate change and heat stress in cities used 
high-resolution (i.e. in the order of kilometers) monthly downscaled global climate models data across 
China (Li et al. 2018) or regional climate modeling for the Sydney region (Argueeso et al. 2015) and 
Belgium (Wouters et al. 2017). For the conterminous United States, daily downscaled global climate 
models data are available at a 4-km resolution, namely Multivariate Adapted Constructed Analogs 
(MACA) dataset (Abatzoglou and Brown 2012). Because regional climate modelling is still 
computationally expensive, such a dataset with high temporal and spatial resolutions from a range of 
climate models is appealing.  
 
The present study utilizes the MACA dataset to examine nighttime heat stress for mid-sized cities in the 
US Midwest. The overarching research question is how useful the dataset is for research on heat stress 
and climate change in the context of urban heat island. In particular, this study aims to answer the 
following research questions: (1) What are the projected changes in heat stress with climate change in 
mid-sized cities in the US Midwest? and (2) How does the heat stress differ between urban and non-urban 
areas? This study contributes to the literature by shedding light on the issue for less studied areas and 
providing an information basis for studying demographic and socio-economic impacts.  
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2. Study area  
 
This study focuses on southeastern parts of Wisconsin and Minnesota encompassing metropolitan areas 
of Milwaukee (MKE) and Minneapolis-St. Paul (MSP), respectively (Figure 1). The study areas are in the 
core and periphery regions in the Great Lakes heat wave cluster (Lopez et al. 2018), and were studied for 
urban temperatures using the 32-km resolution North American Regional Reanalysis data (Choi, Keuser, 
and Becker 2012). This study is meant to expand on the studies using finer-resolution data.   
 
The city of Milwaukee in Wisconsin is the largest city in the state with a population of almost 600,000 
and surrounded by several suburban communities. The U.S. Census-designated metropolitan statistical 
area had a population of more than 1.3 million in 2010. The MSP metropolitan area comprises the cities 
of Minneapolis, St. Paul, and other smaller communities and is also the largest metropolitan area in the 
state of Minnesota. The metropolitan statistical area’s population exceeded 2.6 million in 2010.  
 
Climate of the region is characterized by mild summers and cold winters. In Milwaukee during 1971-
2000, daily mean temperature in July slightly exceeded 21 °C and that in January was below -4 °C. 
August was the wettest month with more than 100 mm of precipitation and February was the driest with 
less than 50 mm (Young 2007). In Minneapolis during 1981-2000, July temperature exceeded 23 °C but 
January temperature was below -9 °C. August and February were the wettest and driest months with 




Figure 1. Study area: (A) state boundaries of Minnesota and Wisconsin, data grid points, and MODIS 2012 land cover. (B) Urban and non-
urban data points for Minneapolis-St. Paul (left) and Milwaukee (right). The horizontal lines are transects across urban and non-urban areas 
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3. Data and Methods  
 
1) Meteorological Data 
This study used meteorological data produced by the Multivariate Adapted Constructed Analogs 
(MACA) statistical downscaling method (Abatzoglou and Brown 2012). The MACA statistical 
downscaling method utilized observed meteorological data to remove historical biases and harmonize 
geographical patterns in climate model output (University of Idaho n.d.(a)). Three data products are 
currently dispensed, and MACAv2-METDATA was selected for this study because it uses the newest 
version of the MACA method and is available for the study area. It contains daily downscaled 
meteorological and hydrological projections for the conterminous U.S. at a 4-km resolution. Detailed 
development processes are described in Abatzoglou (2013).  
 
Temperature data were downloaded from the MACA data portal (University of Idaho n.d.(b)), and 11 of 
the 20 Coupled Model Intercomparison Project Phase 5 models listed on the page were selected: bcc-
csm1-1 (China), BNU-ESM (China), CanESM2 (Canada), CCSM4 (USA), CNRM-CM5 (France), 
CSIRO-Mk3-6-0 (Australia), GFDL-ESM2G (USA), HadGEM2-CC365 (United Kingdom), inmcm4 
(Russia), IPSL-CM5A-LR (France), MIROC5 (Japan). Such a selection was made by choosing only one 
from each model family. Data were extracted from each of the models and heat stress indicators were 
computed for each model. The historical scenario data cover 1950-2005 and the RCP4.5 scenario data 
cover 2006-2099, and the data were analyzed for the entire time period of each scenario.  The RCP 
(Representative Concentration Pathway) 4.5 scenario is an intermediate greenhouse gas forcing scenario 
where radiative forcing stabilizes at 4.5Wm-2 during the 21st century (Cubasch et al. 2013).  
 
The MACA data also contain humidity data, which are often considered in calculating heat stress 
indicators. When it comes to assessing the health effects, temperature alone can be insufficient (Chapman 
et al. 2017). The available humidity data in MACA are daily maximum and minimum relative humidity 
and daily mean specific humidity. Even though minimum relative humidity tends to occur at night rather 
than during daytime, there is no reliable information regarding its timing. Therefore, only temperature 
data were used to indicate heat stress like Wouters et al (2017).  
 
2) Indicators of Heat Stress 
Since the study focused on nighttime heat stress, heat stress indicators based on daily minimum 
temperature were used. Two types of heat stress indicators were considered, absolute and relative (Heo 
and Lee 2016). For the absolute indicator, the occasion when daily minimum temperature is at least 300 
K (27°C) was chosen following Robinson (2001). This was used to compute the frequency of hot nights. 
It is advisable to count at least two consecutive days of such days as an occasion of heat stress, but in this 
study, the number of days was counted when it occurred and decadal frequencies were calculated. The 
95th percentile of daily minimum temperature from the historical simulation was chosen for the relative 
indicator. Because there are many grid points in each study area, the lowest number was chosen for each 
domain for simplicity. This indicator was used to compute the duration of hot nights. The number of 
consecutive days above the 95th percentile threshold was counted for duration.  
 
The indicators were also calculated separately for urban and non-urban areas. The urban and non-urban 
areas were delineated based on the 5'x5'-resolution 2012 MODIS land cover data (Global Land Cover 
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Facility). Contiguous MODIS urban pixels in each study area were designated as urban areas, and one-
pixel buffers around urban areas were designated as non-urban areas (Figure 1). The MACA grid points 
were selected within the urban and non-urban zones. Each MODIS pixel contains four MACA grid 
points.  
 
3) Transect Analysis 
The decadal frequency of hot nights was also analyzed along the transects traversing the cities (transects 
are shown in Figure 1B). The transects start in non-urban grid points west of the urban areas and end in 
non-urban grid points east of the urban areas. The frequency of hot nights was extracted from grid points 
on the transects and plotted as a graph.  
 
4. Results and Discussion 
 
1) Substantial Increases in the Frequency of Hot Nights 
 
Across all grid points in Wisconsin and Minnesota from all the GCMs, the probability density functions 
of the frequency of daily minimum temperatures above 300 K are projected to fundamentally change 
between the historical and RCP4.5 simulations (Figure 2). In the historical simulations, the decadal 
frequency is essentially zero in both regions. In the RCP4.5 scenario, the peak of probability distribution 
appears at around 2-3, meaning 2-3 per decade is the most common occurrence in the entire dataset. 
Minnesota shows a larger range, with the maximum well past 30 per decade, whereas Wisconsin stops 
short of 25. Such large numbers came from CSIRO-Mk3-6-0. This study examined the entire 21st century, 
but it is reported that anthropogenically-forced heat waves are likely to occur in the earlier part of the 
century (Lopez et al. 2018).  
 
Figure 2. Probability density of the frequency of hot nights for Wisconsin and Minnesota study areas for the historical and RCP4.5 periods 
from all the GCMs. 
The geographical distribution of the frequency averaged across the GCMs suggests the effect of the urban 
heat island in RCP4.5 (Figure 3). Both in Wisconsin and Minnesota, the probability across GCMs was 
almost zero in the historical simulation (Figure 2). In the RCP4.5 simulation, the frequency not only 
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increased substantially but also particularly in major urban areas. The frequency in the center of MKE 
exceeds 8 per decade and other noticeable increases occur around cities, particularly along the lake shore. 
The frequency in the center of MSP exceeds 12 in RCP4.5, and the distribution is much more concentric 
than MKE due to its inland location. Overall, southeastern Minnesota is projected to experience hot 
nights more frequently than southeastern Wisconsin across the 21st century.  
 
 
Figure 3. Averaged frequency of hot nights per decade for Wisconsin and for Minnesota in RCP4.5 
The descriptive statistics of daily July minimum temperature numbers are quite similar between 
Minnesota and Wisconsin, and moderate differences are found between historical and RCP4.5 (Table 1). 
For Wisconsin, the mean and maximum for historical is 289.3 K (16.2 °C) and 301.6 K (28.5 °C), 
respectively. The mean, standard deviation, and interquartile range are almost identical for Minnesota, but 
the maximum is about 1.4 K lower than that of Wisconsin. In RCP4.5, the mean increases by less than 3 
K, standard deviation by less than 0.2, and interquartile range by less than 0.1 K both for Wisconsin and 
Minnesota. The maximum is projected to increase by more than 5 K for Wisconsin and 6 K for 
Minnesota, respectively.  
 
Table 1. Descriptive statistics of daily July minimum temperature across GCMs and grid points  
 Historical RCP4.5 
 Mean  SD IQR Max Mean  SD IQR Max 
Wisconsin 289.2982 3.4610 4.9861 301.5931 291.4781 3.5581 5.0051 307.1082 
Minnesota 289.7489 3.4267 4.9299 300.1304 292.1271 3.5925 4.9951 307.1259 
Note: SD stands for standard deviation and IQR stands for inter-quartile range. 
 
2) Larger Increases in the Frequency of Hot Nights in Urban than in Non-urban Areas 
 
In MKE, nights warmer than 300 K are almost non-existent in the historical period both in urban and non-
urban areas (Figure 4). In urban areas, the maximum frequency is just above one, and is less than 0.8 in 
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non-urban areas. The frequency substantially increases in RCP4.5, and the cumulative probability (F(x)) 
curves of urban and non-urban areas continue to diverge up to 0.8 of F(x). In urban areas, approximately 
eight days per decade is larger than 80% of the data, whereas in non-urban areas, approximately four days 
is above 80% of the data, and eight days is above 90% of the data. The median values in RCP4.5 are 
about five and 2.5 in urban and non-urban areas, respectively.  
 
Figure 4. Cumulative probability distributions of decadal frequencies of hot nights between urban non-urban areas of MKE 
In MSP, the range of decadal frequency is even smaller than MKE in the historical period. It is zero for 
non-urban areas, and zero for urban areas until F(x) is 0.8 (Figure 5). In RCP4.5, the lines continue to 
diverge until F(x) is 1. The maximum exceeds 30 in urban areas and is approximately 22 in non-urban 
areas. The maximum frequency in RCP4.5 for non-urban areas is similar to MKE, but that for urban areas 
is much larger. The median for urban areas is approximately seven and that for non-urban areas is five.  
  
 
Figure 5. Same as Figure 4 but for MSP 
The frequency of hot nights gradually increases along the transect (see Figure 1B) over urban land covers 
and decreases at the other end in the RCP4.5 simulation (Figure 6). Both in MKE and MSP, the frequency 
is just above zero over urban land covers in the historical simulation, but the frequency substantially 
increases in the RCP4.5 simulation and more so in MSP. Like in Figure 3, MSP shows more symmetric 
patterns than MKE, whereas in MKE the frequency in the east does not fall as low as in the west because 
the grid points over Lake Michigan were not included in the analysis.  
 
Another important difference between MKE and MSP is found in the frequency over non-urban land 
covers. In MKE in RCP4.5 (upper-right panel), the frequency over non-urban land covers is about 1-3 in 
most of the models except one (CSIRO) with which the frequency hovers around 10. The frequency 
varies much more widely in MSP, with the lowest close to zero (HadGEM2) and the highest around 15 
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(CSIRO and CCSM4), and is generally higher than MKE. The climate change impact on the frequency of 
hot nights is pronounced over urban land covers regardless of models. Even HadGEM2 (the line at the 
bottom of the lower-right panel) shows enhanced frequency in urban areas. The intensifying urban heat 
island effect in terms of heat stress calls for an action plan for mitigation. Because the current study 
assumed that the urban form would not change, urban design that could alleviate heat stress should be 
considered. 
 
Figure 6 clearly demonstrates the moderating effect of Lake Michigan on temperatures. In MSP, which is 
located inland, the frequency of hot nights is lower than MKE in the historical simulation but much 
higher in RCP4.5, as mentioned previously. In the historical simulation, the effect of latitude appears to 
be larger, demonstrated by the lower frequency in MSP. In contrast, summer nighttime temperatures are 
generally projected to be lower in Wisconsin than in Minnesota in RCP4.5, suggesting the moderating 
effect of Lake Michigan. The result also suggests that the MACA dataset adequately reflects surface 
conditions and is useful for local-scale climate change impact studies.  
    
  
  
Figure 6. Frequency of hot nights per decade across the transect across urban and non-urban areas in MKE and MSP in the historical and 
RCP4.5 simulations 
 
3) Longer Median Durations of Consecutive Hot Nights 
 
Median durations of consecutive days above the 95th percentile threshold are most common at three days 
both in the historical and RCP4.5 runs across models and grid points but they are far more variable in 
RCP4.5, exceeding five (Minnesota) or six days (Wisconsin) (Figure 7). In other words, median durations 
longer than three days are much more likely in RCP4.5 than in historical. Maximum durations show 
much bigger changes between the historical and RCP4.5 runs. In both regions, the most frequent number 
is approximately 20 days in historical, but the peaks noticeably shift to the right in RCP4.5. In Wisconsin, 
maximum durations between 25 and 40 days have similar probabilities, and in Minnesota, approximately 




Figure 7. Median and maximum durations of hot nights for historical and RCP4.5 
 
5. Conclusions  
 
This study examined nighttime heat stress in the US Midwest using newly available high-resolution 
daily-scale climate model data, namely MACAv2-METDATA. An absolute and a relative indicator of 
heat stress was calculated for frequency and duration, respectively, for the historical and RCP4.5 
scenarios. Overall, the dataset was found to be useful for research on heat stress and climate change in the 
context of urban heat island. The study also found that nighttime heat stress is projected to increase both 
in frequency and duration, and the urban heat island effect in terms of heat stress is projected to intensify 
in the future.  
 
Even though the study region has not received much attention regarding heat stress, climate change is 
likely to affect the region to a non-negligible extent, and mitigations plans should be prepared 
accordingly. Particular attention should be paid to inner city areas where the impacts are larger than 
outlying areas and populations of lower socio-economic status are clustered. Further research is warranted 
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